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Abstract: Process optimization and improvement strategies applied in a crushing plant are coupled
with the measurement of such improvements, and one of the indicators for improvements is the
mass flow at different parts of the circuit. The estimation of the mass flow using conveyor belt power
consumption allows for a cost-effective solution. The principle behind the estimation is that the power
draw from a conveyor belt is dependent on the load on the conveyor, conveyor speed, geometrical
design, and overall efficiency of the conveyor. Calibration of the power-based belt scale is carried
out periodically to ensure the accuracy of the measurement. In practical implementation, certain
conveyors are not directly accessible for calibration to the physical measurement as these conveyors
have limited access or it is too costly to interrupt the ongoing production process. For addressing
this limitation, a better strategy is needed to calibrate the efficiency of the power-based belt scale
and maintain the reliability of such a system. This paper presents the application of an optimization
method for a data collection system to calibrate and maintain accurate mass flow estimation. This
includes calibration of variables such as the efficiency of the power-based belt scale. The optimization
method uses an error minimization optimization formulation together with the mass balancing of the
crushing plant to determine the efficiency of accessible and non-accessible conveyors. Furthermore, a
correlation matrix is developed to monitor and detect deviations in the estimation for the mass flow.
The methods are applied and discussed for operational data from a full-scale crushing plant.
Keywords: power-based belt scale; calibration; sensor and measurement; instrumentation; mass
balance; aggregate production; data management; correlation matrix; optimization
1. Introduction
A crushing plant operation is a dynamic process as the performance varies over time.
Monitoring and controlling such process performance are of importance for running the
plant at a profitable state which needs decision-making support. The key to the decision-
making process is the availability of the right information at the right time. Crushing
and screening processes in an aggregates production require continuous supervision of
operations for producing various aggregate products based on customer demands. This
entails the development of technological solutions to provide a robust and reliable tool to
the operators and plant managers which can facilitate useful and proactive decisions.
Figure 1 shows a multi-layered development model proposed for the implementation of
optimization functionality in a crushing plant [1]. Various individual research has been per-
formed at different levels of the model presented. For instance, equipment modelling [2–4],
process modelling [5,6], data collection [7,8], performance calculation [9] and process opti-
mization methods [10–15]. The decision-making process is based on both plant operational
data as well as the results from plant simulation. For such multi-layered implementation of
optimization functionality, reliable underlying systems (measurement system, models, etc.)
are needed. Based on the choice in the underlying systems, each development stage inherits
certain accuracy indicated by its total relative errors (ϕi, δi,ω, β) [1].
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the conveyor, the conveyor speed, conveyor geometrical design and its overall efficiency 
[16]. The system is a cost-effective solution in terms of installation and can be easily inte-
grated with a cloud solution. However, there is an underlying gap that the system needs 
frequent physical calibration as the mass flow is a function of power draw in the conveyors. 
It has been observed that the maintenance status (conveyor alignment, roller and belt con-
tact, jammed material, wear, etc.) of the power-based belt scale varies during different times 
of operation which creates reliability issues in the mass flow system. 
The following paper demonstrates the application of the optimization method for 
calibration of the off-line data collections system. The application of the optimization 
method is intended for continuous calibration of the mass flow system. Additionally, a 
smart maintenance alert system for the conveyors using deviation calculation is proposed. 
The purpose of the research is to increase reliability within the collected data from the 
process and equipment operations which can be used for process improvements and pro-
cess optimization studies. 
2. Review of Data Collection System for Aggregate Production 
To observe the crushing plant performance, measurements of various input and out-
put variables associated with the process performance are required. The input variables 
are typically entities such as material properties, equipment settings (e.g., closed-side set-
tings of crushers) and control setpoints. The output variables are typically entities such as 
power consumption, operational time, bin levels and mass flow at various points in the 
process. Since a crushing plant has a dynamic characteristic, both the input and output 
variables are a function of time and exhibit both discrete and gradual changes during op-
eration. 
According to the benchmark study by Väyrynen [17], there are various solutions for 
a mass flow approximation. Solutions such as load-cell-based, laser profilometer, ultra-
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Figure 1. Error propagation model for the implementation of the optimization functionality in crushing plants [1,9].
In particular, the paper focuses on the data collection system for the crushing plant
which typically includes continuous process variables such as mass flow, power draw,
equipment settings, and control setpoints. The aim is to maintain low error values in
the data collection system, particularly, the mass flow system. The mass flow system, in
consideration here, uses a power-based belt scale technique developed by Hulthén [7].
According to the working principle, the power draw from a conveyor belt is a function
of the load on the conveyor, the conveyor speed, conveyor geometrical design and its
overall efficiency [16]. The system is a cost-effective solution in terms of installation and
can be easily integrated with a cloud solution. However, there is an underlying gap that the
system needs frequent physical calibration as the mass flow is a function of power draw
in the conveyors. It has been observed that the maintenance status (conveyor alignment,
roller nd belt contact, jammed material, wear, etc.) of the power-based belt scale varies
during different times of operation which create reliability issues in the mass flow system.
The following pape demonstrates the application of he optimization method for
calibration of the off-line data collections system. The application of the optimization
metho is intended f r continuous calibration of the mass flow system. Additionally, a
smart maintenance alert system for the conveyors using deviation calculation is proposed.
The purpose of the research is to increase reliability within the collected data from the
process and equipment operations which can be used for process improvements and
process optimization studies.
2. Review of Data Collection System for Aggregate Production
To observe the crushing plant performance, measurements of various input and output
variables associated with the process performance are required. The input variables are
typically entities such as material properties, equipment settings (e.g., closed-side settings
of crushers) and control setpoints. The output variables are typically entities such as power
consumption, operational time, bin levels and mass flow at various points in the process.
Since a crushing plant has a dynamic characteristic, both the input and output variables
are a function of time and exhibit both discrete and gradual changes during operation.
According to the benchmark study by Väyrynen [17], there are various solutions
for a mass flow approximation. Solutions such as load-cell-based, laser profilometer,
ultrasonic sensor, and power-based belt scale. These scales vary largely on aspects such
as cost, accuracy, and maintenance. The study showe that the power-based belt scale
accuracy is within 1% f the cumulative error to the r ference m ss flow carried out
with a load-cell-based scales and it is a cost-effective solution with low maintenance [17].
Itävuo, et al. [18] successfully applied the power-based belt scale mass flow as an input
in the control algorithm for increasing the utilization of an aggregate production plant.
Practical experience shows that there are, independent of the measurement method, a
certain number of errors in the mass flow measurements. These typically occur due to
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either gradual changes over time like e.g., component wear or more instant changes like a
rock getting stuck in a load cell or roller.
Hodouin and Vaz Coelho [19] highlighted sources of variations occurring in the mea-
surements system of wet processes in minerals processing such as heterogeneous nature of
the material stream, imperfections in sensors, natural disturbances in ore characteristics and
processing conditions. Furthermore, applications of optimization and data-reconciliation
methods using material balance for estimating unknown data [20,21], or improving data
quality [22–24] in wet processes of minerals processing circuit are shown. Data reconcilia-
tion using a two-tier approach, global multi-nodal mass balance and error minimization
function is applied for measuring the performance index, which is a measure of assessing
the quality of data [25,26]. Extensive work is performed on wet processes for data recon-
ciliation [27] while there is limited application towards the coarse comminution circuit
of the minerals processing. There is scarce work in linking the sensor variables to the
mass balancing of the circuit as the changes occurring due to physical deterioration of the
equipment affect the sensor recordings. Especially if the sensors are directly linked to the
equipment performance, such as in the case of power-based belt scale in conveyors. There
is a possibility to continuously update the sensor variables to compensate for the dynamic
change occurring during the process operation.
3. Methods
The following chapter first briefly describes the working principle of the power-based
belt scale for conveyor mass flow estimation [16] followed by a description of the calibration
process and deviation measurement process. The calibration process uses an optimization
method to minimize the error between the estimated value and the stored values. The
deviation measurement is based on the correlation matrix to identify the deviating con-
veyors during process operation. Both the calibration and deviation measurement use the
property of mass balancing in the crushing plant operations.
3.1. Theory of Power-Based Belt Scale Conveyors
The power draw from a conveyor belt is dependent on the load on the conveyor,
the conveyor speed, geometrical design, and the overall efficiency of the conveyor. The
working principle of the power-based belt scale is based on equating the mechanical
power required to lift the material to a certain height to the corresponding electrical power
consumed by the conveyor. A detailed description of the power-based belt scale can be
found in Hulthén and Evertsson [16] and of underlying mechanical principles in Morin [28],
while a summary is presented here. Figure 2 presents the working principle of conveyor
lifting material and the geometrical properties of the conveyor.
The following variables are used:
h = Li f tingmaterialheight
hdrop = Dropheight f ortheincomingmaterial
a = Angleo f li f tinconveyor
v = Velocityo f theconveyorbelt
l = Lengtho f theconveyorbelt
g = Standardaccelerationduetogravity
PElectrical = Totalpowerdrawinconveyor.
m = Mass f lowrate
h = Totale f f iciencyo f conveyor
Q = Accumulatedmass
The total power draw in the conveyor is divided into two components: idle power
and load power as shown in Equation (1).
PElectrical = PIdle + PLoad (1)
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In short, the mass flow rate is a function of electrical and idle power, total efficiency
and the geometrical and operational constant for a given conveyor as shown in Equation (4).
.
m = f (PElectrical , PIdle, η, CGeom) (4)
3.2. Power-Based Belt Scale Calibration
To calculate the correct mass flow for the power-based belt scale, the value of PIdle and
η need to be calibrated.
3.2.1. Idle Power Calibration
The installed power transducers capture the total electrical power drawn during the
operation of each conveyor. Idle power is dependent on the size and power rating of
the conveyor, temperature, condition and gradually changes as the belt scale is under
operation. The gradual changes can include misalignment in rollers, insufficient roller
contact, etc. As the crushing process operates, there are power spikes in the conveyor at the
beginning of the operation to overcome the cold start condition. As the day progresses, idle
power declines as the conveyors become fully operational. Another phenomenon typically
occurring in the crushing plant operations are the stops of the crusher for closed-side
setting (CSS) change depending on the automatic or manual adjustment for wear. This
results in the recording of idle power from the conveyor occurring periodically depending
on the material flow on the conveyor.
Using the data-filtering techniques, the data set of idle power is obtained. The data
obtained here is fitted to a logarithmic function shown in Equation (5), where t is the time
measurement against the set of points recorded as the idle working of the conveyor.
PIdle_ f it(t) = a + b log(t) (5)
The fitting of the curve is performed using the model fitting optimization method as
shown in Equation (6).
min(PIdle_ f it(t)− PIdle(t))
w.r.t.→ a, b (6)
The fitted curve is used to find the idle power as a function of time for the given
operational time.
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3.2.2. Conveyor Efficiency Calibration
The total efficiency of the conveyor is calibrated depending on the position of the
conveyor within a circuit. The conveyors are classified into two segments: accessible
conveyors and non-accessible conveyors. The accessible conveyors within a circuit are
the ones where it is possible to take physical measurements of the mass flow whereas
the non-accessible conveyors are the ones which have limited access to make mass flow
measurements or it is too costly to interrupt the ongoing production process. The calibration
of the accessible conveyor is performed by physical measurement of accumulated mass
using external mass measuring equipment such as a front loader for a specified duration of
time. The mass measurement can also be performed using an in-built belt scale based on
load cell (with tachometer) if the conveyor is equipped with it.
The generalized error minimization optimization problem for efficiency calibration is
given in Equation (7), where i is the number of test samples, ei is the relative error function,
QiC is calculated accumulated mass and QiM is measured accumulated mass for a tested time
interval. The value of t1 and t2 represents the start and end time for the calibration for one test.
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If the number of error equations is more than or equal to the number of non-accessible
conveyors, a full constrained or an over-constrained optimization problem is formulated.
The optimization problems in Equations (7) and (10) can be solved using gradient-based
constrained optimization algorithms such as the interior-point algorithm. Although it
is possible to use other algorithms depending on the problem status (over-constrained,
under-constrained or fully constrained) which in turn depends on the circuit layout. Using
the above methods, the efficiencies of all the conveyors are calibrated.
3.3. Power-Based Belt Scale Deviation Calculation Using Correlation Matrix
The next step is to check the reliability of the mass flow measurements over continuous
operational time. Due to the dynamic nature of the process operations, deviations are
occurring in the measurements. Using the principle of mass balancing of the system, the
accumulated mass overtime (incoming and outgoing) at each node within a circuit needs
to be in an equilibrium state. The set of equations presented in Equation (9) is used to
develop a correlation matrix as shown in Table 1.
Table 1. Correlation matrix between the conveyor mass flow and error function.
ε1 ε2 . . . εk
CV1 A11 A12 . A1k
CV2 A21 A22 A2k
. . . . . .
CVp Ap1 Ap2 Apk
The value of the Apk matrix can be 1 or 0 depending on if the conveyor is associated
with the error function εk or not based on Equation (9), where p is the total number
of conveyors (CVp) and k is the total number of error equations (εk) for a given plant
configuration. Based on the correlation matrix, two values are calculated for each conveyor
present in the system: Conveyor Error Factor (CEF) and Conveyor Error Ratio (CER).
Conveyor Error Factor (CEF): It indicates the total mean error associated with each
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The value of the CER is ranked, the conveyor with the higher value is investigated first.
The value of CEF indicates the magnitude of the deviation. The impact of this magnitude
is dependent on the rated capacity of the conveyor. Based on the values of CER and CEF
together, decisions are made:
• If the values are within allowed statistical limits, retain the efficiency value of the
conveyors. If the values are deviating towards a certain direction, create an alert for
operators to inspect the conveyor for any change of physical operation.
• If the values are above the allowed limit, recompensate the deviating conveyor with a
new value of efficiency. This is carried out by modifying Equation (10) depending on
the identified deviating conveyor. In this case, the efficiency value of the deviating
conveyor is set as unknown variable(s).
4. Application in Crushing Plant
The crushing plant layout used in this research is presented in Figure 3, which is a
tertiary stage of a three-stage aggregate production plant. The crushing plant is operated
by NCC Industry and is situated at Uddevalla, Sweden. The material from the stockpile
(SP1) is supplied to the feeder (M1) to the process, which fills up the bin (B1) located before
the crusher (CC1—HP4 Crusher). The crusher output is screened by two screens (S1 and
S2) located sequentially, producing three products (P1, P2 and P3) and one recirculated
product (RP1). The crusher and screens are connected using belt conveyors (CV1 to CV7).
Each equipment data stream, for example, power draw, machine settings, are centrally
connected to the cloud solution [29]. The data captured are typically recorded at a frequency
of 0.1–0.2 Hz. As the process is being operated, the values of the mass flow change with
respect to machine settings, material properties, wear, etc. Table 2 presents the list of
various mass measuring units present in the crushing circuit. As presented, the conveyors
CV1 and CV2 are equipped with the belt scale to measure the mass flow while the conveyors
CV3 and CV7 rely on power-based belt scales that are calibrated by physical measurement
of the mass using a front loader. The conveyor CV4, CV5 and CV6 are also power-based
belt scale and are calibrated using mass balancing equations for the circuit.
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5. Results 
The power-based belt scale calibration and deviation measurement calculations are 
presented here. A total of 3 days–8 h per day operation data is used. Day 1 data is used 
for calibration, where controlled data set for calibration was obtained, while Day 2 and 
Day 3 data is used for verification and deviation calculation. 
5.1. Calibration of Accessible Conveyors 
The conveyor CV1 and CV2 are calibrated against the reference data of the load-cell-
based belt scale. The stepwise calibration process for CV1 is presented in Figure 4. The idle 
power data is filtered from the recorded electrical power signal using a data-filtering algo-
rithm. The idle power data set is used to fit the logarithmic function as shown in Figure 4a. 
The fitted function is used to estimate the idle power for the entire day of operation. The rec-
orded electrical power signal and the calculated load power signal are shown in Figure 4b. 
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Table 2. Mass measuring units in the crushing plant.
ID Type Reference Mass Conveyor Calibration
CV1 Accessible Load cell Reference value
CV2 Accessible Load cell Reference value
CV3 Accessible Physical Reference value
CV4 Non-accessible - Mass balancing
CV5 Non-accessible - Mass balancing
CV6 Non-accessible - Mass balancing
CV7 Accessible Physical Reference value
B1 Accessible Bin level -
5. Results
The power-based belt scale calibration and deviation measurement calculations are
presented here. A total of 3 days–8 h per day operation data is used. Day 1 data is used for
calibration, where controlled data set for calibration was obtained, while Day 2 and Day 3
data is used for verification and deviation calculation.
5.1. Calibration of Accessible Conveyors
The conveyor CV1 and CV2 are calibrated against the reference data of the load-cell-
based belt scale. The stepwise calibration process for CV1 is presented in Figure 4. The
idle power data is filtered from the recorded electrical power signal using a data-filtering
algorithm. The idle power data set is used to fit the logarithmic function as shown in
Figure 4a. The fitted function is used to estimate the idle power for the entire day of
operation. The recorded electrical power signal and the calculated load power signal
are shown in Figure 4b. Likewise, the load powers for all conveyors are calculated. The
load-cell-based reference mass flow data and the calibrated power-based mass flow is
shown in Figure 4c. Similarly, the conveyor CV2 is calibrated.




Figure 4. (a) Model fitting in idle power data set for conveyor CV1, (b) Calculated load power signal for conveyor CV1, (c) 
Calibrated power-based mass flow rate signal for conveyor CV1. 
The conveyors CV3 and CV7 are calibrated against the physical measurement of the 
accumulated mass for a specified time duration. A front loader was used to collect the 
mass flow and two samples for each conveyor were obtained. The details of the measured 
and calculated values are shown in Table 3. It is observed that the relative error values for 
these calibrations are in the range of 0–4.5%. 
Table 3. Mass measurement for calibration of CV3 and CV7. 
ID      
CV3 Test  Time [s] Q3M [kg] Q3C [kg] ei [-] 
 1 305 4280 4249 0.0073 
 2 300 4280 4050 0.0447 
CV7 Test  Time [s] Q7M [kg] Q7C [kg] ei [-] 
 1 300 2980 2895 0.0285 
 2 310 2990 2989 0.0004 
5.2. Calibration of Non-Accessible Conveyors 
Using the principle of mass balancing of the circuit, the accumulated mass (Q) over 
a given time for each node need to be in an equilibrium state. Six sets of error functions 
(a) (b)
(c)
Figure 4. (a) Model fitting in idle power data set for conveyor 1, (b) Calculated load power signal for conveyor CV1, (c)
Calibrated power-based mass flow rate signal for conveyor CV1.
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The conveyors CV3 and CV7 are calibrated against the physical measurement of the
accumulated mass for a specified time duration. A front loader was used to collect the
mass flow and two samples for each conveyor were obtained. The details of the measured
and calculated values are shown in Table 3. It is observed that the relative error values for
these calibrations are in the range of 0–4.5%.
Table 3. Mass measurement for calibration of CV3 and CV7.
ID
CV3 Test Time [s] Q3M [kg] Q3C [kg] ei [-]
1 305 4280 4249 0.0073
2 300 4280 4050 0.0447
CV7 Test Time [s] Q7M [kg] Q7C [kg] ei [-]
1 300 2980 2895 0.0285
2 310 2990 2989 0.0004
5.2. Calibration of Non-Accessible Conveyors
Using the principle of mass balancing of the circuit, the accumulated mass (Q) over a
given time for each node need to be in an equilibrium state. Six sets of error functions are
formulated as shown in Equation (13). The change in bin level at the start to end time is
also accounted for in the functions. The total capacity of the bin (B1) is 30 m3 and assuming
the bulk density of the material as 1.67 tons/m3, the total capacity of the bin is 50 tons. The
material loss during the processing is assumed to be negligible.
ε1 = ‖Q2 − (Q3 + Q4 + Q5)‖
ε2 = ‖Q4 − (Q7 + Q6)‖
ε3 = ‖(Q5 + Q1)− (Q2 + (Qt=0B1 −Qt=endB1 ))‖
ε4 = ‖Q1 − (Q3 + Q4 + (Qt=0B1 −Qt=endB1 ))‖
ε5 = ‖Q1 − (Q3 + Q7 + Q6 + (Qt=0B1 −Qt=endB1 ))‖
ε6 = ‖Q2 − (Q3 + Q7 + Q6 + Q5)‖
(13)
The unknown efficiency of conveyor CV4, CV5 and CV6 are obtained by solving the
optimization problem shown in Equation (14). The optimization problem was solved using
an interior optimum algorithm and the solution converged. It is recommended to start the
algorithm at various start points to test if the solution(s) are converging to global minima
or not. This can lead to the avoidance of adding preferential errors to the efficiency of the
power-based belt scale under calibration. The list of all calibrated conveyor efficiencies is
presented in Table 4.
min(ε1 + ε2 + ε3 + ε4 + ε5 + ε6)
w.r.t : η4, η5, η6
s.t.
0.75 ≤ η4 ≤ 0.99
0.75 ≤ η5 ≤ 0.99
0.75 ≤ η6 ≤ 0.99
(14)
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5.3. Detect Deviation in Mass Flow Measurement
Using the set of mass balancing error functions shown in Equation (13), the correlation
matrix Apk is generated. The correlation matrix (Apk) together with the value of error
functions (εk) is used to calculate the Conveyor Error Factor (CEF) and the Conveyor Error
Ratio (CER) as shown in Table 5.
Table 5. Correlation matrix and error calculations for 3-day operational data.
Correlation Matrix Day 1 Day 2 Day 3
Apk ε1 ε2 ε3 ε4 ε5 ε6 CEF CER CEF CER CEF CER
CV1 0 0 1 1 1 0 2.87 0.12 30.17 0.21 24.89 0.13
CV2 1 0 1 0 0 1 6.41 0.26 18.93 0.13 55.72 0.29
CV3 1 0 0 1 1 1 4.30 0.18 28.41 0.20 30.23 0.16
CV4 1 1 0 1 0 0 2.87 0.12 18.93 0.13 24.28 0.13
CV5 1 0 1 0 0 1 6.41 0.26 18.93 0.13 55.72 0.29
CV6 0 1 0 0 1 1 4.02 0.17 26.90 0.19 24.29 0.13
CV7 0 1 0 0 1 1 4.02 0.17 26.90 0.19 24.29 0.13
B1 0 0 1 1 1 0 2.87 0.12 30.17 0.21 24.89 0.13
Day 1: εk 6.1 1.74 5.32 0.78 2.52 7.8 ∑ εk = 24.17 Calibration Data
Day 2: εk 14 11.93 16.84 30.87 42.8 25.96 ∑ εk =142.4 Verification Data
Day 3: εk 47.14 12.41 60.46 13.3 0.91 59.55 ∑ εk =193.77 Verification Data
The CEF and CER provides an initial indication for magnitude and ranking of the
deviating conveyor(s), respectively, for starting the investigation process. As it can be
noted, the CEF values on Day 1 are low as the data is used for calibration. On Day 2
operational data, the CER indicated the conveyor CV1 and the bin B1 to be contributing to
the deviation, although the CEF value is low compared to the total production data and
the values are similar to other conveyors. On Day 3, the CER value highlights CV2 and
CV5 as top-ranked conveyor contributing to the deviation. Also, the magnitude of CEF is
higher than the other conveyors. At this stage, the value of CEF is within 5% of the total
accumulated mass of conveyor CV2 and CV5, which can be within the limits of the sensor
accuracy (+/−0.5%). Furthermore, longitudinal data of multiple months are needed to set
the limit of statistical significance.
To further test the calculation of the correlation matrix, values of CER and CEF, two
hypothetical test cases were carried out as shown in Table 6. The efficiency value of the
conveyor CV4 and CV7 were changed by 10 % in Test 1 and 2, respectively. The method
detected CV4 to be deviating and the magnitude of CEF was also significantly increased.
For Test 2, changing CV7 resulted in an alert for both CV6 and CV7 because of the possible
relations which are created using the correlation matrix. This is limited by the virtue of
plant layout and conveyor connections. Also, it is observed between Test 1 and 2, the
magnitude of CEF is dependent on the size and capacity of the conveyor as CV4 is of higher
capacity than CV7 which need to account into the decision for conveyor recalibration.
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Table 6. Testing of CEF and CER values for hypothetical test cases.
Correlation Matrix Day 1 Test 1 Test 2
Apk ε1 ε2 ε3 ε4 ε5 ε6 CEF CER CEF CER CEF CER
CV1 0 0 1 1 1 0 2.87 0.12 42.28 0.11 11.81 0.12
CV2 1 0 1 0 0 1 6.41 0.26 42.28 0.11 11.81 0.12
CV3 1 0 0 1 1 1 4.30 0.18 60.76 0.16 15.05 0.16
CV4 1 1 0 1 0 0 2.87 0.12 118.06 0.32 12.33 0.13
CV5 1 0 1 0 0 1 6.41 0.26 42.28 0.11 11.81 0.12
CV6 0 1 0 0 1 1 4.02 0.17 43.96 0.12 27.81 0.29
CV7 0 1 0 0 1 1 4.02 0.17 43.96 0.12 27.81 0.29
B1 0 0 1 1 1 0 2.87 0.12 42.28 0.11 11.81 0.12
Day1: εk 6.1 1.7 5.3 0.7 2.5 7.8 ∑ εk = 24.17 Calibration Data
Test 1: εk 113.6 121.5 5.3 119 2.5 7.8 ∑ εk = 369.86 Change in CV4 efficiency by + 10%
Test 2: εk 6.1 30.1 5.3 0.7 29.3 24 ∑ εk = 95.64 Change in CV7 efficiency by + 10%
6. Discussion
The development within the Internet of Things (IoT) is one of the underlying factor
attributing towards making digitalization innovation [30]. The development of a data
collection system for the aggregate production industry can drive it towards industry 4.0.
The presented methodology of conveyor calibration and deviation measurements is one
of the building blocks in achieving a complete digital support system for an aggregate
production plant.
The optimization problem formulation for the non-accessible conveyors is based on the
circuit property of mass balancing and is also in line with the data-reconciliation methods
applied [19,22]. However, the problem definition is simpler for aggregates processing
compared to minerals processing. The modification of the sensor variables such as the
efficiency of the power-based belt scale is proposed using the data reconciliation. The
optimization problem (See Equation (10)) can be made more flexible by changing the
objective function or by adding error function(s) as constraint(s) to allow for variability in
the system. The objective function for error minimization can be posed as a weighted-sum
approach based on historical data such as conveyor performance, maintenance, and their
associated error function. As the first order error function at nodes (See Equation (13), ε1
and ε2) can be of higher importance as compared to the second-order error function derived
by a combination of two error functions (See Equation (13), ε6). Further investigations
are needed to check these possibilities and capture longitudinal validation of the mass
flow data. The current work is limited to perform statistical analysis of the variance and
distribution of the data.
The correlation matrix is a function of the plant layout. The correlation matrix repre-
sents a relationship between the conveyors and the error associated with the circuit mass
balancing. If the plant layout is highly coupled, based on the mass balancing, several
error equations can be formulated. For example, if the circuit is closed with recirculating
load, then the set of representative mass balancing equation increases. Depending on the
plant configuration, the implementation of the deviation measurements equations needs
to be adjusted. The application of the correlation matrix and deviation measurements
can also be extended to other mass flow measurement techniques such as load-cell belt
scale, laser sensor and ultrasonic sensor. The deviation measurement can also be used as
a smart maintenance alert system. This can be used to send a notification to the operator
or plant manager to check the physical change in the conveyor operations. The operator
can perform checks such as observing conveyor alignment, roller and belt contact, jammed
material in conveyor, wear, and so on to investigate the deviating conveyor. Other aspects
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that can add value to this are feedback from stockpile data of accumulated mass which can
further cross-validate the measurements. If there is no reasonable cause for the deviation,
the operator can choose to re-calibrate the system for the deviating conveyor. In this case,
it is assumed that the deviation is caused by a gradual change in the total efficiency of
the conveyor.
From the industrial point of view, the major benefit of the proposed method is that it
could create a reliable mass flow measurement with less intervention. That will, in turn,
give more accurate follow up of production rates and stock values, giving the possibility to
make fact-based decisions on how to set up the production process. A system that detects
deviations in the mass flow balance would probably also work well in detecting errors in
the process that are normally not detected by the current control system. One example
could be a hole in a chute after a screen causing contamination between two products
which could generate large costs if it is not detected at once. The next step with the work is
to evaluate the statistical limits for the deviation measurements and test the methodology
for a longer period (month, year).
The methodology will be evaluated for a real-time/online system, wherein recent
historic data can be continuously evaluated (moving deviation measurements) [31]. One
possibility is to reduce the calculation window for deviation measurement from 1 day of
accumulated mass to a smaller time window such as 1 h, 30 min or 10 min. Aspects
that could be in consideration here are residence time of the material in the various
equipment, delays due to stops in the process, etc. This can also enable the controlling
of the aggregate production process using Key Performance Index (KPI) such as Overall
Equipment Effectiveness (OEE) [9], wherein the underlying data set are of higher quality
and confirms the mass balancing property of the system. The potential advantage with
the implementation of such a solution is that it can be a cost-efficient solution that can
potentially reduce the number of physical calibrations required for a power-based belt
scale. This implies the reduced downtime of the system and can enable condition-based
maintenance instead of corrective maintenance. The method needs to be evaluated for its
robustness using a longitudinal study.
7. Conclusions
The research paper presented an application of the optimization method for the
calibration and maintenance of the power-based belt scales. Furthermore, a novel approach
towards tracking deviation in the mass flow measurements using the correlation matrix
is presented. The method is dependent on the plant layout and mass flow connections
and uses the mass balancing property of the crushing plant operation. The accuracy in the
mass flow system is assured by performing a careful calibration process for both accessible
and non-accessible conveyors. The reliability of the system is improved by monitoring the
deviation in measurement. Periodic calibration of the accessible conveyors is also required
to maintain trust within the data collection system. This is a step towards developing a
robust mass measurement solution where the system can detect changes. The proposed
methodology can lead to design rules for the implementation of an automatic calibrating
mass flow system using a power-based belt scale technique.
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